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Introduction
Silos are containers for protecting, storing and delivery particulate granular materials or powders. They differ on the size, shape and material of construction. A variety of types of flow regimes can be observed within the silo itself according to the geometry and solid properties. The basic two types of flow behaviour are 'mass flow' and 'core' (or 'funnel') flow. The first is characterized by all the material within any cross section discharging from the silo at the same time across the whole cross section. While the funnel flow causes problems with uniformity of flow and incomplete emptying of the hopper when the material tends to flow mainly in the core region of the container the rest of the solid situated close to walls is tending to form the so-called stagnant zones. Hence the material staying in these zones result in volume wastage and difficulties in process operation, for example uncertainty in amount and rate of material deployment into process installations [3] . Therefore funnel type of flow regime is the target of investigation in order to measure and quantify these phenomena. In the paper, authors propose estimation of two important funnel parameters: size of the funnel and permittivity of the funnel using Electrical Capacitance Tomography (ECT) and Artificial Neural Networks (ANN).
Electrical Capacitance Tomography and gravitational solids flow monitoring
Electrical capacitance tomography is a non-invasive measuring technique enabling visualization of the distribution of a mixture of materials with different dielectric permittivities inside an electrocapacitance sensor [5] . ECT relies on measuring the capacitances between pairs of electrodes placed around the targeted vessel (see Fig. 1 ). The acquired measurements are then processed to reconstruct a tomographic image by the use of an appropriate image reconstruction algorithm. Therefore ECT is a useful tool for industrial process monitoring.
The relationship between capacitance and permittivity distribution is modelled by the Gauss Law, [8] (Eq. 1):
where: Q is the electric charge, V the potential difference between two electrodes, (x, y) denotes the permittivity distribution and (x, y) represents the electrical potential distributions. Γ stands for the electrode surface and d an element orthogonal to this surface. The Landweber iterative algorithm is one of the most popular methods in the field of ECT image reconstruction. The iteration process, in the Landweber algorithm is governed by the following formula [9, 13] : (2) where and are matrices of the estimated permittivity distributions at the and iterations respectively, S is the calculated sensitivity matrix, is a relaxation parameter of the Landweber algorithm and C is a matrix of measured capacitances.
The Landweber method owns the advantages of easy implementation and low computational complexity but suffers from the numerical optimization point of view as it possess a relatively low convergence rate and hardly provides a global optimization solution, [7] . Literature related to ECT application highlights that the current challenge in developing of ECT tomography concerns the improvement of the quality level of the extracted information about the state of the process in real time. In order to meet this target, new artificial intelligence techniques e.g. fuzzy logic [1] and artificial neural networks [2, 15] are applied.
In the case of controlling the funnel flow's temporal behaviour, a parameterisation of the process allows tracking the changes of characteristics parameter of the considered flow. A geometric representation of characteristic parameters of silo flow considered in this paper is shown in Fig. 1 . This form of modelling can allow direct estimation of the process parameters, and make process monitoring more efficient.
In order to model the silo flow, two separate regions are identified within the cross section during discharging the container: the 'funnel' in the centre and the area close to wall. One region corresponds to flowing material, e.g. funnel while the other corresponds to stagnant zone. The estimated parameters were: size of the funnel , permittivity of the funnel  , and the size and permittivity  of the other area.
The funnel shape was approximated by a circle and its size was estimated based on the area belonging to lower permittivity  in the centre of the silo cross-section.
The changes of value of funnel permittivity can be visible on graph presenting changes of measurements capacitance in term of time during silo discharging process (Fig. 2) : when the falling upper surface of the flowing solids reaches the electrode-sensing zone, measured capacitance is rising for all electrode pairs. Recorded capacitances decrease when the surface of material passes the sensors since there is less and less material present [12] .
The characteristic parameters of the funnel: size and material concentration (permittivity) were estimated with the use of the Landweber method and image processing methods. Dependencies of the estimated funnel parameters versus frames are shown in Fig. 3 and 4 . 
Flow parameters estimation by the use of Artificial Neural Networks
The main idea of the proposed approach and its comparison to the existing methods is shown in Fig. 5 . The introduced approach relies on ECT to parameterize the funnel flow with no image processing step as do the existing methods. The capacitance data is fed to the artificial neural network at the input layer and the funnel area and permittivity of the funnel are obtained at the output layer.
ANNs are universal approximators [4] , which were successfully used for similar shape inverse problems solving [6] and image reconstruction using electrical impedance tomography [10] . Therefore application of ANN is proposed to direct estimation of flow parameters on the basis of the measured capacitances. ANN method, combined with principal component analysis, allowed real time solution of inverse problem in electrical impedance tomography [14] .
In the previous work [2] , the designed ANN proved efficient results on a reduced computational time about 120 times comparing to the existing Landweber iterative algorithm for tomographic image reconstruction when estimating the radius of a circular object placed in the centre of the silo. In the present work, the performance of the ANN is tested for the occupied area by the funnel and permittivity values  1 estimation.
ANN of Multi-Layer Perceptron (MLP) type with one hidden layer was trained applying back propagation algorithm to perform the estimation of two object parameters ( ) from ECT measurement data.
In order to test and verify the ANN performance the simulation of the silo discharging process was performed relying on real flow behaviour obtained from the authors' previous work [12] .
T h i s c o p y i s f o r p e r s o n a l u s e o n l y -d i s t r i b u t i o n p r o h i b i t e d .
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A sequence of ECT reconstructed images obtained during funnel flow was prepared.
The set of 600 frames is divided to 540 frames for training the ANN and 60 frames to test the ability of the earlier trained to estimate the area and the permittivity of the funnel in a direct and rapid manner and thus the ability to simulate the silo discharging process.
Sum square error cost function and back propagation learning algorithm [4] were applied for the considered problem. These ensure that the convergence condition for the learning algorithm is true. In the present approach, the stop condition corresponds to a set value of the training error (TE).
Fig. 5. Different approaches to determine the flow parameters from capacitances data: (a) an existing methods based on image processing and reconstruction, (b) the proposed method based on Artificial Neural Networks
Experimental results
The aim of the research was to determine the appropriate MLP structure for different radii and permittivities estimation. Different MLP structures (28-m-2), with 28 inputs, various numbers of neurons (m = 6, 8, 10 and 14) in the hidden layer and two neurons in the output layer were trained and tested (see the Table1). The neurons in the hidden layer have sigmoidal activation function, and these in the output layer have linear activation function. More than 100 different MLPs were trained.
The main criterion for choosing the best MLP structure was the minimum of mean square error (MSE) for the testing data:
where:
, and corresponds to the desired set of parameters for i-th sample (a, ), denotes the corresponding estimated set of parameters at the MLP output and n is the number of testing samples.
In the selection of the appropriate MLP structure two other testing errors defined for each single shape parameter were also taken into consideration: The obtained testing errors for a training error TE = 0.01  MSE = 0.00018, are gathered in Table 1 . A structure (28-10-2) provided the most satisfactory testing errors and the smallest number of iterations in the learning process. This structure was maintained to further experiments. 
RMSE Mean
(28-6-2) 45185040
(28-10-2) 33487560
(28-14-2) 25846560
A comparison of the characteristic funnel parameters estimated in traditional way with the use of the Landweber method and image processing methods and estimated by the use of ANN is shown in Fig. 6 .
The obtained area and permittivity of the funnel simulated by ANN are almost the same or very close to the parameters estimated in traditional way, what confirms the ability of the ANN to simulate the silo discharge process and track the changes of characteristic parameters of the flow versus time. The elapsed time of the flow parameters estimation by the trained ANN for 60 testing frames is 0.033765 second, what corresponds to 1777 frames per second. The acquisition rate, during measurements, is 50 fr/s and for high performances ECT systems the rate is 500 fr/s [11] . The proposed approach has the advantage to be rapid and the time of parameters calculation is about thirty times shorter than the acquisition time in traditional ECT measurement system and about three times shorter when compared to high performances ECT systems.
Conclusions
The aim of the work was to estimate the size and permittivity of the funnel during the silo discharging process based on artificial neural network technique and Electrical Capacitance Tomography. The data fed to the ANN was provided from authors previous work conducted in order to analyze and interpret the Hopper Flow behaviour using ECT.
The obtained results are promising especially under a simple MLP structure (28-10-2) and back propagation training algorithm. The provided accuracy is satisfactory and ANN based approach allowed to estimate the characteristic funnel parameters and simulate the silo discharging process in a simple manner. Results revealed potential to on-line track changes of characteristic parameters of gravitational solids flow. 
